ABSTRACT In the indoor wireless localization environment, the non-line-of-sight receiving signal and low signal-to-noise ratio are usually strongly dominant issues due to the heavy existence of multipath signals, which also restrict the final wireless localization performance seriously. In this paper, a novel indoor localization algorithm based on 3-D multi-array spatial spectrum fusion (3-D-MSSF), which also uses the channel state information (CSI) under uniform circular array (UCA) structure, is proposed. First, in the data assembly process, the number of antennas and the number of observations can be virtually extended by applying a beam space transformation and smoothing technique by using the observed CSI information. Then, the existing multiple signal classification approach is applied on the smoothed data to jointly estimate the 2-D direction-of-arrival angles and the time-of-flight information from the resulting spatial spectrums at each UCA array. And in the grid-fusion explorer process, the estimated parameters are subsequently transmitted to the aggregation center to calculate the location results of each point relative to each access point, which introduces a grid-refinement algorithm in the search grid to improve the localization precision. While the parameters of interest for the final target position can be estimated from a single fused spatial spectrum, which results from fusing all maximum noise subspaces corresponding to the minimum error between each estimated point in the search grid and every set in the 3-D space-time searching grid. Computer simulation results together with the real application experiments in the indoor environment in terms of source position estimation and corresponding RMSE values are given. The proposed 3-D-MSSF method proves a significant indoor positioning performance, which can achieve the final localization accuracy below 1 m even if the line-of-sight signal is blocked, and there exist only multipath path signals at the receiver.
I. INTRODUCTION
The use of the Global Positioning System (GPS) as wireless positioning technology for outdoor navigations is reasonable. But in the indoor navigation environment, the effectiveness of the GPS is grammatically degraded due to the strong existence of multipath signals.
In recent years, wireless-signal-based indoor localization technologies have gained more attentions and being fundamental approaches with its rapid development in the area of indoor positioning, such as bluetooth [1] , infrared [2] , ZigBee [3] , RFID [4] , etc.
However, a big task in indoor localization problems nowadays is to achieve a more precise positioning accuracy such as below 0.5 meters. Accordingly, several comprehensive research works focusing on WiFi wireless networks used internally have been developed due to its coverage, accuracy, infrastructure simplicity and lower cost, such as the localization based on received signal strength indicator (RSSI) which achieved a median error of 2 meters [5] , the method based on time of arrival (TOA) like the known system in [6] reached a 2 meters error estimation accuracy, the method based on time difference of arrival (TDOA) [7] and direction of arrival (DOA) which realized a medium accuracy of 0.4 meters in ''ArrayTrack'' [8] . Yet, to achieve a high precision positioning accuracy in real applications with a harsh indoor environments is still a quite difficult task. While the walls, furniture, walking people, ceiling, equipment are highly present, and the wireless waves received by the APs are influenced by reflection, diffraction and refraction, which results in the weakness of the transmitted signal along with the strong existence of NLOS signals arriving at the receiver through different paths, and it will lead to the degradation of the performance of the WiFi-based indoor position estimation approaches.
The use of multi-sensor data fusion [9] for the purpose of localization has become a fundamental problem in modern signal processing, and it has found wide applications in recent years not just in indoor environments, but also in radar, sonar, wireless communications and acoustics [10] , [11] . The combination of the different indoor parameter-estimationbased or non-parameter-estimation-based approaches with the multiple-sensor data fusion method has been proposed to overcome the problem of low positioning accuracy under the effect of very low SNR, such as the hybrid localization approaches like the employment of TOA/TDOA with data fusion in [12] , fusion frameworks that rely on heterogeneous information such as the ''MapSentinel'' tracking system, which performs non-intrusive location sensing based on WiFi APs and ultrasonic sensors [13] . Spatial-spectrumbased fusion algorithm using a ULA geometry has been suggested in [14] . Through the fusion of multi-carrier, ''ROArrays'' estimates the location of the target across the spatial, frequency and time domains [15] . In general, the localization of sources using multiple-stations-based spatial information at known locations is achieved, as shown in Fig. 1 . It first exploits the observed data at each AP to estimate the parameters of interests of the sources by employing an efficient source estimation algorithm. Then, the set of data will be sent to the fusion center in order to decide the final position of the source by applying an intelligent estimation algorithm using some metric fusion techniques of trilateration and triangulation [16] , [17] . Also, other techniques have been proposed in [18] and [19] which also give good performances.
Trilateration is the fundamental process used to find the position of an object based on the distance calculation or measurement by applying the shape of spheres, triangles or circles. In the wireless communication applications, this can be achieved by the estimation, except angles, of one of the source signal localization parameters like RSSI, TOA, or TOF. As shown in Fig. 2 , if the signal is received at AP1 then the location of the user is within this circle, and the radius of the circle around AP1 represents the user distance relative to AP1. Then, to restrict the user position, another circle is produced by the second AP, say AP2. Thus, two points P1 and P2 resulted due to the intersection between the two circles that represent the location of the user. In the end, the addition of the third AP, say AP3, will make the position of the user more precisely by eliminating either P1 or P2. This is a simple example used in 2-dimensional space, which also means that if we are in 3-D space, we need to deal with a sphere instead of a circle, so three APs are not enough. However, adding a fourth AP will simplify the trilateration computations to estimate the position of the target easily. Compared with the trilateration method, the triangulation method is the operation that depends only on the angles measurements in order to find the position of a particular point as illustrated in Fig. 3 . In the communication applications, if we have two APs placed in certain positions, then by using a direction finding algorithm, the DOA of the user can be estimated. After that, since the locations of the reference points are known, we can construct a triangle between AP1, AP2 and the receiving terminal side. Therefore, the position of the user can be obtained by using the following triangulation function:
where L is the distance between the two APs, and α, β are the angles of the impinged source signal on AP 1 and AP 2 , respectively. The main disadvantage in [12] - [15] which also in order to simplify the research conditions, such as time conception and computation complexity, lies in that the shape of the WiFi array structures has been considered to be the uniform linear array (ULA), which may decrease the user's position estimation accuracy due to the 1-D angle estimation restriction especially under low SNR. Additionally, there is a case where all the LOS paths are blocked between the user and the APs in Fig. 2 and Fig. 3 , which is the most serious scenario in the indoor environments consist of massive obstacles, then there may exists only NLOS signals, and as a result it leads to the easily fail of the trigonometric methods for user positioning. Therefore, in our previous work [20] , the only spatial domain has been taken into account, such that the estimation of the target can been realized by considering the 2-D search space, the azimuth angle of arrival (AOA) and the elevation angle of arrival (EOA) of each AP have been calculated, then based on the fusion of the resulted spatial spectrums, the position of the target was obtained. So, because it is more expected that in the next generation of mobile communications systems the uniform circular array (UCA) will be taken as one the representative array structures at the base stations. Also, since the orthogonal frequency division multiplexing (OFDM) signal model is the appropriate scheme deployed in the fourth-generation (4G) and the future fifth-generation (5G) networks at downlink, the advantages of these techniques allow us to propose a coherent 3-D indoor localization fusion algorithm based on CSI-UCA smoothing method. The well-known subspace Multiple Signal Classification (MUSIC) algorithm [21] - [23] is used for the decomposition of the multi-carrier OFDM measurements among the time and spatial search domains, and then it jointly estimates the TOF, AOA and EOA of all the receiving signal paths at each UCA array [24] . Later, considering the system is working under low SNR in the indoor case, a set of spectra information at some APs might be influenced. Accordingly, a fine-grained fusion algorithm is introduced, which computes the minimum errors within each location in a known grid dimension, and the estimated AOA and EOA at every AP, also within each estimated set of times and every TOF in the time-space searching area, then finally the target position can be calculated according to the proposed optimization rule based on these estimated values.
The remainder of this paper is organized as follows. In Section II, a system model is set and corresponding concepts are clarified in order to solve the given problem formulation. In Section III, the two main procedures (Data Assembly and Grid-Fusion Explorer) of the proposed 3D-MSSF indoor localization algorithm are given and explained in detail. In Section IV, multiple computer simulations are carried out with a result discussion and performance comparison. Finally the paper is concluded in Section V.
II. ESTIMATION PROBLEM AND SYSTEM MODEL FORMULATION
The target of this research is to estimate the accurate position result of a target P in an indoor environment with multiple APs, assuming the receiving signals are mixed with LOS and NLOS signals, and in some serious case the LOS signal may be blocked. By exploiting the 3-D spatial-time domain of the OFDM data received at each AP, after fusing the resulting spatial spectrums, the location of the target will be defined by using a fine-grained estimation algorithm at the fusion center. To solve this problem, it is recommended to clarify the following concepts first:
Consider an indoor environment consists of multiple obstacles with W number of WiFi APs, such that each AP composed of M number of antennas impinged by K multi-path source signal in the far field of the antenna array. Suppose that the direction of the waves is (azimuth angle) and θ (elevation angle), respectively. Then, the received signal at the w-th AP, with w = 1, 2, . . . , W is given by:
which can also be written as
where: S (t) ∈ C K×N is a complex source signal with N number of snapshots; γ k = α k e −j2πf c τ k , is the attenuation with a correlation coefficient α k , carrier frequency f c and delay of time of travel τ k ; k , θ k are the azimuth and elevation angles of the k-th NLOS path signal with k = 1, 2 . . . , K, and w , θ w are the azimuth and elevation angles of the LOS path, respectively; N w (t) ∈ C N×N , is the additive white gaussian noise (AWGN) vector noise with mean 0 and variance σ 2 ; A w ( , θ) is the steering matrix and it depends on the geometry of the AP. We can observe from (3) that the received signal at each array composes of a LOS path and many NLOS path signals, then the array manifold A w ( , θ) can be decomposed into two sets of steering matrices of the LOS path a w ( w , θ w ) and NLOS path a w ( k , θ k ).
B. UCA GEOMETRY
The topology of the WiFi system is taken to be a UCA geometry as shown in Fig. 4 . Moreover, M identical and omnidirectional antennas are assumed to be uniformly distributed over the circumference of radius R. The array elements are placed on the X-Y-Z plane with an array center situated at the origin. The azimuth ( ) and the elevation (θ) angles are measured counterclockwise from the X-axis toward the Y-axis and down from the Z-axis toward the X-Y plane respectively, and 
where x, y, and z are the coordinates of a certain position in the X, Y, and Z planes, respectively. Because the signal model in (2) is colored with LOS/NLOS signals, then the two sets of the steering matrix A w ( , θ) can be specified as:
• ∀ w ∈ W and k ∈ K where w=k, the transfer vector corresponding to the LOS path signal is equal to:
Such that for m = 1, 2, . . . , M number of antennas, the inter-element array (w k , m) is given by (8) where (.) T denotes the transpose operator.
• The transfer vector corresponding to NLOS signals can be computed from (7) and (8) in the case where ∀ w ∈ W and q ∈ Q when q = w.
C. OFDM BASED CSI SIGNAL MODEL
If we consider an OFDM system, the corresponding data will be transmitted simultaneously via several subcarriers with different frequencies, which means that the total attenuations and phase shifts will be measured at each subcarrier at each antenna arrays for each AP, and this is known as CSI values. Then, the observation at the receiver side at the w-th AP will be in the form of CSI matrix [15] as:
where the value of csi wi,j is a complex value at the i-th antenna at the w-th AP at the j-th subcarrier. However, at a certain AP and for every subcarrier, the observed data of (2) can be rewritten as:
The vector x wl indicates the l-th array output of the w-th AP at the l-th subcarrier, such that l = 1 . . . , L is the number of the transmitted subcarriers by the OFDM system. Because the steering vectors of closely transmitted subcarriers do not change [26] , then the array manifold A w ( , θ) also will not change. We can observe that the matrix X in (10) corresponds to the CSI matrix in (9) . Moreover, rows in the CSI matrix has phase shift differences due to DOA differences relative to the center of the UCA, that is to say, phase shift amongst antennas is resulted due to its structure. Likewise, columns have phase shift difference due to TOF, in another word, this phase shift is introduced due to the different frequencies of subcarriers. The complex signal of the OFDM system is an addition of different subcarriers together with distinct frequencies. These subcarriers are transmitted spatially, and during the traveling they pass the same distance together with the same time, but at the receiver end they have different phase shifts due to their frequency distinction. For example, the first-row and the first-column vectors of the CSI matrix can be expressed respectively in (11) and (12) as
where the expression e −j2πf γ τ l represents the phase shift difference between two adjacent subcarriers in the OFDM system model with a frequency spacing f γ and TOF τ l of the l-th path. According to (11) and (12), the CSI matrix in (9) can be generalized in terms of DOA at column sides and TOF at row sides as (13), as shown at the bottom of this page.
III. THE 3-D MSSF LOCATION ESTIMATION APPROACH BASED ON CSI-UCA FUSION ALGORITHM
The proposed algorithm passes through two main procedures in order to accurately estimate the location of the user, ''Data Assembly'' process and ''Grid-Fusion Explorer'' procedure as shown in Fig. 5 . The ''Data Assembling'' part first collects and treats all the data at the output of each AP, then after using the MUSIC algorithm [15] to estimate the parameter of interests in the 3-D search, the chosen values corresponding to the maximum spectra are fused together, and the location of the coordinates of the user position will be estimated after exploring the search grid of pre-known dimension using an intelligent metric computation at the ''Grid-Fusion Explorer'' procedure.
A. DATA ASSEMBLY PROCEDURE 1) CSI COLLECTION AND TREATMENT
If we consider (13) , it is obvious that the CSI matrix observations consist of parameters of interests ( , θ, τ ). In order to estimate these values using the well-known eigenvalue decomposition MUSIC algorithm, the following two conditions should be satisfied:
• The number of antennas at the receiver end at each AP should be larger than the number of sources. Furthermore, the number of rows in the steering matrix of A w in (2) is larger than the number of columns.
• The array manifold should satisfy the property of Vandermonde matrix model and the number of observations of S in (2) should be sufficiently larger than the number of sources. Given the above assumptions, MUSIC algorithm cannot be applied directly to the CSI-UCA estimation problem. As a result, modifying the CSI matrix is obligatory to be dimensionally convenient for the problem estimation.
The first assumption can be achieved by stacking the rows of (13) into a column vector, we will result in a modified CSI matrix of the w-th AP represented in a single column which has a steering vector of dimension M × L. Because we may have multiple Aps generally, the modified CSI can be given in three dimension with a steering matrix of M × L × W , such that each column presents the steering vector at each AP. For example the w-th column of A can be expressed in the following vector as After dealing with the above processing, it will be obvious that the number of sensors in each array is virtually extended such that is equal to the product of the number of antennas and the number of subcarriers N × K , which means that the number of antennas at the receiver end is larger than the number of sources. As a result, the MUSIC algorithm is ready with a guarantee from the first assumption. Now, by achieving the first assumption, the number of observations is reduced to one as it is obvious from (14) and this will influence the performance of the conventional MUSIC algorithm. An easy way to solve this problem is assuming that the source is stable, and then different OFDM packet can be sent consecutively and this can extend the number of observations simply. But this method cannot give a precise solution compared with the CSI smoothing tricks [27] , [28] .
The basic idea of the smoothing procedure is to extend the number of observations by dividing the steering vector of (14) into a column steering vectors of subarrays such that the items of the modified w-th steering vector of (14) jointly divide the same scaling factor. However, to achieve this property, it is necessary that the steering vector has the shape of Vandermonde matrix model and this statue does not stratify in (2) . Therefore, in this situation, beamspace transformation technique [27] , [28] is applied [29] - [31] .
The purpose of beam space transformation here is to change the form of the steering matrix of the UCA into ULA by keeping the dependency on both azimuth and elevation angles, and this can be achieved by pre-multiplying each stacked steering vectors in column vectors of OFDM subcarriers of the w-th AP by a beamformer B H which only depends on the basic of the phase mode excitation. Hence, the transformed CSI matrix will result in the form of Centro-Hermittian matrix, instead of Vandermonde matrix model, but this is sufficient for us to apply the smoothing technique later. Then the transformed CSI matrix with AOA, EOA, and TOF dependence can be written as:
After beamspace transformation, it can be observed from (15) that AOA and TOF have dependence over the matrix ∂ ( w , τ l ) and EOA over the diagonal Bessel function
where h is the highest order mode. Hence, we can obtain (15) for all APs by pre-multiplying each column of the modified 3-D steering matrix A by the beam former B H . Now, extending the number of observations is quite possible by simply applying the smoothing technique to (15) . For example, if we have h = 1 and the CSI matrix contains 5 subcarriers received at the w-th AP with two different source signals impinged on the UCA, after using the same smoothing trick in [27] , (15) can be smoothly transformed to be equal as  jh w 2 e −j4π f γ τ 2 we can result in the second subarray of CSI w_5 sub . As a result, the number of observations is extended virtually and is larger than the number of sources.
As we can see in this example, five OFDM subcarriers were used with one highest phase mode, by applying smoothing technique it yields to a virtual extension in the number of sensors to six and the observations number from one to two observations. In addition to that, columns of the acquired enlarged CSI w_5 sub matrix are mutually independent due to the independent attentions. According to this, using the same smoothing procedure with the increase in the number of antennas at the UCA along with the accretion in the subcarriers of the OFDM system, it will virtually extend the number of antennas at the arrays as well as the number of observations 59580 VOLUME 6, 2018 at each AP. Then, the final resulting transferred and smoothed CSI matrix at the w-th sensor can be expressed as
Thus, the application of the MUSIC algorithm on the beam space transformed and smoothed data for the purpose of spectrums estimation can be guaranteed due to the satisfaction of the two conditions i.e. the number of antennas along with the number of observations of the antenna array is larger than the number of sources.
2) CONSTRUCTION OF THE COVARIANCE MATRIX
From the last sub-section, the number of antennas and the number of independent observations can be virtually extended, and MUSIC algorithm can be with guarantee applied to the transformed and smoothed CSI w matrix. So before doing that, we construct the covariance matrix of CSI w at each array and then decompose it into signal and noise subspaces. At a certain array w, the covariance matrix of the observed-treated data can be expressed as:
where, U
w ∈ C M×1 denotes the eigenvector spanning the signal subspace; U (n)
w ∈ C M×M−1 denotes the eigenvector spanning the noise subspace; w ∈ C M×M is a diagonal matrix containing the decreasing order of the associated eigenvalues.
3) SUBSPACE-BASED MUSIC ALGORITHM
After obtaining the covariance matrix in (22) , and because the subcarrier signals have been treated well in order to be convenient for computation, the MUSIC subspace estimation method can be used to estimate the spatial-time spectrums at each array. Here, we use this subspace-based technique due to its computations simplicity and reliable performance compared to the traditional spatial spectrum estimation algorithms especially under low SNR [20] . The array manifold A w jointly contains the DOAs and TOFs parameters, which means that the performance of the chosen estimation method will be in the 3-D search space. Then, the power spectrum of the MUSIC algorithm at the w-th array is given by:
The introduced algorithm explores the 3D searching areas as (−90 • < < 90 • ) for azimuth, (0 < θ < 90 • ) for elevation and (0ns < τ < 100ns) for TOF to look around the spectrum peak of (23) where the AOA, EOE and TOF of each UCA is located. The reason why we set the maximal time delay value as 100ns is that it corresponds to 30 meters distance. While in the traditional complex indoor environment, this distance is a relative long enough distance for one AP which can fulfill the communication access requirement for the users. While this parameter could also be changed according to different real application requirement.
B. GRID-FUSION EXPLORER PROCEDURE
This procedure is the decision part of the processing center of the algorithm framework.
1) SET OF DOAS CALCULATION
Before starting the data fusion procedure as shown in Fig. 5 , the fusion center needs to know the position of each point relative to each array in the search grid. Obviously, the search grid dimensions are known and are set to vary between (x g 0 , y g 0 , z g 0 ) and (x g f , y g f , z g f ). Assuming that the reference AP is placed in the position G 0 (x 0 , y 0 , z 0 ) where the remaining APs are placed in different locations, such that the w-th sensor array coordinates are G w (x w , y w , z w ) proportional to the reference sensor. However, computing only the set of DOAs is not enough to get a precise localization especially in very low SNR vase as mentioned before. So during the searching process of the set of AOAs and EOAs, the server should also use the TOF relationship to calculate in order to reach a certain sensor array starting from each point in the whole zone of the grid. Thus, in the 3-D scanning space, collections of each AOAs, EOAS, and TOFs corresponding to each array can be calculated from the following algorithm using (24), (25) and (26): for i = x g 0 : x g f for j = y g 0 : y g f for l = z g 0 : z g f set_ w = arctan y j − y w x i − x w (24) set_θ w = arccos z l − z w r w (25)
end end end where c = 3 × 10 8 m/s is the speed of light, and 2 is the distance between the center of the w-th UCA array and the p-th position of the grid space.
2) SPATIAL SPECTRUM FUSION
The last part of the proposed localization algorithm is the fusion procedure. In agreement with (24), (25) and (26), it can be observed that the set of angles set_ w and set_θ w along with the set of times set_τ w represent matrices that contain the AOA, EOA angles and TOF information for all possible locations in the search grid corresponding to the position of each AP. Now, the target position estimation problem comes down to find the maximum of the spectrum, which is a combination of spatial-time spectrums (P 1 (p) , P 2 (p) , . . . ,P w (p)) VOLUME 6, 2018 of (23), where the position coinciding to the minimum error between each estimated point location in the entire grid zone and every angle in the searching area (−90 • < , θ < 90 • ) is situated, and the minimum error between each estimated set of τ s of the same points and every TOF in the searching time space (0ns < τ < 100ns). Then, the target position estimation can be expressed by the following formula: (27) Such that P err w = abs (set w − w ) ≤ ε (28)
where P err w and P err θw correspond to the error difference between each estimated set of positions in the grid and every AOA and EOA at the w-th AP, respectively. Also, P err τw is the error difference between each estimated set of TOF between each point in the grid and the w-th AP and every period τ in the searching range of times. Parameters ε and δ return to the thresholds set for angles error and time error respectively. In the end, the proposed localization algorithm can be resumed in the following lines:
For the theoretical performance improvement comparing with some other basic schemes, one can use the traditional Cramer-Rao Lower Bound (CRLB) analysis method to calculate the estimation error variance. And our previous theoretical research has derived the corresponding CRLB results already in detail [32] , so we will not describe the derivation process again here.
IV. SIMULATION RESULTS AND DISCUSSIONS
In the following computer simulations, we consider an indoor environment. For example, a square hall of two floors, with dimensions length=30 meters, width=30 meters, and height=30 meters. Four WiFi APs are placed in different locations. The reference array is positioned at A 1 (0, 0, 0) on the corner of the wall of the first floor, whereas the three remaining APs are placed at positions A 2 (0, 30, 0), A 3 (30, 0, 0) and A 4 (30, 30, 30) , respectively. The highest mode excitation is set to 6, which means that the number of sensors should be at least twice larger than this value to get more precise estimation when using MUSIC for UCA [30] . Thus, the geometry of the APs is considered to be a UCA with 15 omnidirectional antenna arrays with an inter-element spacing λ/2. Different kinds of obstacles are placed in several ways to impede the direction of the LOS signals between the position of the user and the APs location. The target x-y-z coordinates are assumed to be positioned at P (21, 30, 15) . Thirty subcarriers of OFDM system are transmitted. Set frequency spacing f γ = 312.5KHz whereas the carrier frequency f c = 5.32GHz, and set SNR = 5dB. All simulation results carried out using MATLAB R2015a.
Algorithm 1 The 3D-MSSF Location Estimation Approach
Based on CSI-UCA Fusion Algorithm Procedures 1. Get the CSI matrix from the output observed sub-carrier data at each UCA AP with dimensions M × L × W . 2. Virtually extend the number of antennas at the receiver end by pre-multiplying the CSI matrix by a beamformer B H , and obtain the Centro-Hermittian matrix from (15) with dimensions (2h + 1) × L at each AP. 3. Virtually extend the number of independent observations by using CSI smoothing procedure in (15) and obtain (20) . 4. Compute the covariance matrix of (20) at each UCA array using (21), and get its signal and noise subspaces using (22 (27) . First we obtain the results shown in Fig. 6 and Fig. 7 , representing the estimated spatial spectrums which contain angles related to the user and TOFs needed to reach each AP started from the position of the source. The acquired results of the two figures are combined in Table 1 . It can be observed that the estimated azimuth angles are almost near to the actual AOA, such that the highest difference error is only 0.7 • in the 3rd AP. Also, the same manner for the elevation angle, such that the largest error difference between the actual EOA and the estimated one is only 1.4 • in the 2nd AP. Meanwhile, the estimated TOFs are almost equal for all APs. The accuracy in the estimation of the azimuth angle compared to the elevation angle return to the measurement of the azimuth on the X-Y plane, where at the same time array elements are placed on the same plane. While the elevation angle is measured according to Z-axes. This problem can be solved by extending the array geometry to 3-D, which means placing additional antennas above or below the currently placed elements in the horizontal plane. Also, due to the joint estimation of AOA, EOA and TOF, the proposed method can separate between two closely sources impinging on the same array compared to the traditional MUSIC method at the data assembly stage. Comparing these results with the obtained one in our previous work [20] , the addition of the TOF for the estimation of the WiFi locations relative to the user can improve the performance of the source localization in the next grid-fusion explorer step, because more accurate AP location estimation will result in a more precise source location according to the proposed 3D-MSSF approach.
The estimated target position is illustrated in Fig. 8 and Fig. 9 . After applying the grid-fusion explorer process, the location of the coordinates (x, y, z) is obtained. More clearly, the server explores the grid dimension [30m, 30m, 30m] and then it finds the position of the target where the minimum error between the obtained AOA, EOA and TOF, where the set of AOAs, EOAs and TOFs correspond to the location of each point in the search grid exists. In this simulation, the threshold ε is set to be equal to 0.01 • for angles, and δ = 0.01ns for time. It can be observed that the obtained horizontal and vertical coordinates are 21 meter and 30 meter, respectively, while the height of the target position is 14.8 meter according to Fig. 8 and Fig. 9 . Compared with the actual position P (21.5 meter, 30 meter, 15 meter), the localization error is just 0.5 meters in the x coordinate and 0.2 meters in the z coordinate while is perfect in the y coordinates (0 meter). The sharp shape of the two figures also should be taken into account, because it proves that our algorithm tends to be more curved around the optimum solution (target position) without the existence of extra spectrums caused by multipath signals. Thus, it can prove the important localization accuracy improvement of the proposed 3D-MSSF algorithm certainly under low SNR.
In the remaining computer simulations, we played on different parameters in order to evaluate the final localization VOLUME 6, 2018 performance of our proposed algorithm in terms of root mean square error (RMSE). Two hundred Monte Carlo simulations were carried out. The first simulation is to examine the execution of the 3D-MSSF in different LOS and NLOS scenarios, see Fig. 10 . Here, we change the position of the target/APs such that a set of APs can straightly see the target (LOS) whereas the other paths are blocked between the source and remaining group of APs (NLOS). The same parameters of the previous simulation are used here.
We observe that the RMSE decreases with the increasing number of the LOS paths. For low SNR (-10 dB), the RMSE can achieve a distance error less than 1 meter in the case where all APs are placed in LOS scenarios or just one AP is blocked. In the same time, the RMSE of the all NLOS paths is 1.2 meters, and this is a reliable performance for a localization system in low SNR with just 1 transmitted packet. Also, it is remarkable that the localization error of the proposed 3D-MSSF approach decreases significantly with the increasing of SNR certainly in the case where all APs are LOS. And it can reach a positioning error under 0.5 meters, which is our goal, just in 0 dB SNR; whereas in higher SNR, it tends to perform almost a perfect localization with 20 centimeters error in 10 dB SNR. When more than two APs are blocked, the RMSE changes slightly from lower SNR to higher SNR, so that the distance error localization varies between 1 and 1.2 meters at SNR=−10dB, while between 0.9 and 1.1 meters at SNR = 10dB. Besides, when a group of arrays is disorganized with the NLOS signals, the use of an additional APs which contains the LOS signal can greatly improve the performance of localization precision, and we can remark that for the cases of 1AP LOS, 2AP LOS and 3AP LOS under low SNR, and this gives an important point in real applications when a couple of WiFi APs are blocked with massive obstacles, so the placement of the APs should be taken into account such that the chance of the LOS path signal between the WiFi APs and the user would be dominant. In order to see the importance of the smoothing trick in the final localization result, a simulation comparison result is given in Fig. 11 . Here we use 4 APs with 90 numbers of packets for the proposed 3D-MSSF without smoothing for comparison. At the same time, one packet with 15 numbers of antennas at the receiver end is used in the proposed CSI-UCA smoothing approach. In both cases, it is assumed each LOS signal is blocked at the receiver end. As we discuss before, the number of observations can be virtually extended by only transmitting consecutive OFDM packets. It can be observed in Fig.11 that the proposed smoothing approach outperforms in a lower localization error than using beamforming with more packets, where there is a considerable of 50 centimeters enhancement in RMSE with the use of smoothing trick in low SNR at -5dB. In addition, it achieves a localization accuracy bellow 1 meter at SNR = 6dB where all LOS paths are blocked, while by using the same algorithm without smoothing technique it is unable to obtain the same localization accuracy. At the same time, an important factor which should be taken into consideration is that the introducing of several CSI values of OFDM frames for DOA estimation requires the source to be stationary during receiving these packets, while the use of smoothing technique can solve this problem because it can give a performance with only a single packet.
Next we consider the influence of antennas number, and the performance of the proposed 3D-MSSF approach is tested with the change in the number of elements at each UCA array. Considering the applicability and the size of the device in the indoor case, besides the big antenna number such as 15, 17, 19, we also give the simulation results based on the small antenna number such as 4, 6, 9 in Fig. 12 . Simulations are executed under the case when the target can be seen by all APs. It is evident from Fig. 12 that the increase in the number of antennas at each AP gives a significant performance 59584 VOLUME 6, 2018 FIGURE 12. RMSE (distance) for a different number of antennas scenarios at each sensor using the 3D-MSSF method.
enhancement in the target localization, for example at SNR=−10 dB there is a considerable improvement in the estimated distance error from 2.4 meters using 4 antennas to 0.7 meters using 19 antennas. While at high SNR (SNR=10dB), the proposed 3D-MSSF approach achieves a localization accuracy of 10cm with 19 antennas. Likewise, increasing the number of antennas to 17 elements also gives a considerable performance improvement in both low and high SNRs. At the same time, even if the antenna number is less than 10 (for example 9 antennas in Fig. 12 ), we can find out that the RMSE improvement is also significant compared with that with 4 antennas, while the RMSE result in −10dB reduces from 2.3 meters (4 antennas) to 1.2 meters (9 antennas). Thus, extending the number of antennas at the receiver end to be more twice larger than the highest phase mode excitation will result in a negligible residual terms for mode orders. And this allows the used MUSIC at the data assembly stage to be more accurate for spatial spectrum estimation, which is an important essay for having an extra precise performance in terms of source localization at the grid-fusion procedure. But the important thing that we also have to take into account through the use of a massive multiple outputs, is the mutual coupling effect. It means that more antennas will result in more coupling effect within the array elements, and this will affect negatively on the localization performance in addition to the time consumption due to the computational complexity.
In the end, in order to evaluate the performance of the proposed approach, it is fairer to compare its efficiency with some previously studied fusion estimation methods. According to that, Fig. 13 shows the simulation comparison results between the proposed 3D-MSSF, 2D-SSF [20] and 1-MBSSF [14] fusion indoor-localization-based techniques in terms of distance error RMSE. It is evident that the proposed approach outperforms the other two methods in both low and high SNR in terms of positioning RMSE. It can be also noticeable from the two UCA arrays that the change in the geometry of antennas to the 2-D array at each AP results in a considerable performance enhancement. However, taking the shape of the WiFi to be a UCA array along with the additional support of TOF which is oriented from the phase shifts between OFDM subcarriers gives a magnificent effectiveness in localization precisions especially in low SNR. For example, when SNR=−10dB, the gap of estimation error between the 3-D and 2-D based methods is about 1.1 meters such that the 3D-MSSF gives a distance localization error of 0.75 meters, which is a remarkable improvement under low SNR. Thus, the RMSE below 1 meter in such SNR environment is a considerable achievement for the proposed 3D-MSSF approach while many other localization algorithms in literature fail to reach the same performance. Additionally, at high SNR the proposed fusion technique still performs better such that the localization error approaches to 20 centimeters at SNR=10dB.In the next part of the computer simulations, we give the evaluation results when there exists multiple targets at the same time. To simplify the simulation calculations, it is supposed that there are 2 targets in the corresponding testing area, while the AoA of the first and second targets are −5 • and 10 • , respectively; and the EoA of the first and second targets are 42 • and 20 • , respectively. The array has 9 antennas. Fig. 14 and Fig. 15 present the comparison results of AoA and EoA estimation results between the conventional MUSIC method and the proposed 3D-MSSF approach with smoothing under SNR=−10dB. It can be found clearly that the conventional MUSIC method may produce more than 2 peaks which will introduce estimation confusion and errors, while the proposed 3D-MSSF approach with smoothing could give an accurate estimation result, which also reveals the applicability of the proposed approach even under multiple targets.
To evaluate the theoretical performance of the proposed 3D-MSSF approach, here we also compare the CRLB calculation result of the proposed approach with that of the VOLUME 6, 2018 conventional MUSIC method. As we say in the last section, the detailed derivation process of CRLB can be found in [32] . Fig. 16 plots the corresponding CRLBs of EoA and AoA estimation of the proposed approach with smoothing together with the conventional MUSIC method. So the advantages of the proposed 3D-MSSF can be discovered clearly based on this result. Finally, besides the theoretical and analyses results presented above, considering the evaluation of the proposed approach in the real applications, we also carry out a simplified indoor experiment in the lab. The condition and environment of the lab is a kind of traditional office room which has more than 40 small cubicles and seats as shown in Fig. 17 , and the office area is about 20 meters × 20 meters. The clapboard, the ceiling, the wall, the tables, the chairs, the window glasses and the furniture certainly will produce reflections, multipaths, sheltering effects to reduce the precision of traditional wireless positioning methods. In the experiment, we set up a transmitter with single antenna which could transmit OFDM-based WiFi signal based on IEEE 802.11 n protocol. At the receiving end, we set up 3 receivers while each is equipped with 4 antennas. figure it can be found that the 3D-MSSF approach can reach a better positioning precision than the conventional MUSIC method, while the RMSE of positioning is 0.72 meters for 3D-MSSF approach and 1.02 meters for the conventional MUSIC method. At the same time, we also plot the position error probability density functions (pdfs) of the above two methods for comparison as shown in Fig. 19 based on the practical application results and use the function ksdensity(.) in Matlab. From the result it can be observed that the pdf of the proposed 3D-MSSF approach with smoothing also shows better performance than that of the conventional MUSIC method, which also coincides with the results in Fig. 18 .
V. CONCLUSION
In this study, a kind of multiple array spatial spectrum fusion indoor localization approach based on CSI and UCA structure is proposed. The use of multiple WiFi APs and the CSI-UCA smoothing technique for the received OFDM subcarriers together with the proposed fusion method gives a significant improvement in the source localization under low SNR. The proposed 3D-MSSF method uses two main procedures, data assembly process and grid-fusion explorer procedure, in order to accurately realize the indoor localization. It takes the advantage of exploring every point in the 3-D searching grid to find the optimal set of AOAs, EOAs and TOFs where the source may exist. Then by fusing the obtained spatial spectrums which resulted after a virtual extension of array elements number using a beamformer, and the number of observations using smoothing techniques, the location of the source can be estimated through the optimization process. Simulation results show that the performance of the proposed 3D-MSSF approach depends on the number of antennas at each AP, the placement of the APs in the monitoring area, the way in which the number of observations is virtually extended and the environmental SNR. In addition, the proposed 3D-MSSF approach gives a significant source location performance improvement especially under low SNR. It can even reach an estimation error less than 1 meter in the case when all LOS paths are blocked, while many existing localization algorithms in literature fail to reach the same performance. Moreover, the considerable advantages of the proposed 3D-MSSF approach along with the smoothing technique compared with the 1D-MBSSF and 2D-SSF has also been proved. Even under multiple targets, it can also perform well. An indoor experiment verifies the applicability of the proposed approach under complex indoor environment, which shows better position precision compared with some conventional position method.
